Recent studies have highlighted the link between consistent inter-individual differences 1 7 in behaviour and consistency in social network position. There is also evidence that network 1 8 structures can show temporal dynamics, suggesting that consistency in social network position 1 9 3 1 behaviour. 3 2 3 3 Introduction: 3 4
To investigate social network structure through time, we used proximity data collected 9 9
between June 1997 to October 2006 from all adult females of a troop of baboons in the De Hoop 1 0 0 Nature Reserve, South Africa [15, 18] . Data were collected by scan sampling every 30 min, 1 0 1 during which the identities of all animals within 10m of the target individual were recorded 1 0 2 (hereafter nearest neighbours) for a total of 13,504 scans across the study period. Three animals 1 0 3 with fewer than 500 observed nearest neighbour events were removed from the sample. Given females, where the median number of females at any given time was 12 (min = 9, max = 16) 1 0 7 over the entire study period. In selecting the temporal scale of the study, we used a window size of four months, 1 0 9
following Henzi et al. [15] for the same population and used the netTS package in R [17] . To 1 1 0 ensure the networks were comparable through time, we divided the observed number of nearest 1 1 1 neighbour events by the total sampling time in the field within each window. This produced 1 1 2 edges in the network that correspond to rates of observed proximity behaviour between any two 1 1 3 individuals. Similarly, to ensure that the network measures were robust, we excluded networks 1 1 4 constructed using fewer than 160h of data collection and where the correlation between the 1 1 5 observed network measures and network measures generated from bootstrapped samples was 1 1 6 below 0.99, which resulted in three gaps in our time series. We also removed individual removed when the individual was only partially present, e.g., network measures for this 1 2 0 individual generated by a window between day 80 and 120 would be removed). Using this time were sampled only in high rainfall conditions, we included the mean environmental conditions effects of the environment [30] . We allowed the individual effects of environmental conditions to 1 7 4 be non-linear by including a smooth term, using thin plate regression splines, and allowed all 1 7 5 individuals to vary in their response to environmental changes by including random slope terms 1 7 6 for each environmental variable. We also included the possibility of a non-linear seasonal trend in centrality values by 1 7 8 using day of year and a cyclic cubic regression spline to account for the circular nature of this variable. Rather than stripping autocorrelation from the data we accounted for it in the residuals 1 8 0 using an ARMA(1,1) process [31] . We used the R package "brms" [32] to fit the model in a 1 8 1 als to Bayesian framework. We scaled and centred our independent variables, and used weakly-1 8 2 informative priors centered on zero, i.e., Normal(0,1). This reflects our prior assumption of no 1 8 3 effect, and reduces problems of potential collinearity between moderately correlated independent 1 8 4
Category
Parameter Estimate l-95% CI u-95% CI
Population level effects
Intercept ( To address the question of whether some individuals were more consistently central than 2 6 5 others, we plotted reaction norms against changes in each environmental variable (Fig. 4) . The to a lesser extent, encounter rate and number of males, but not by rainfall. rainfall. Blue lines identify individuals with slopes that are lower than the average for the group, and red line indicate those with slopes that are higher than the average for the group. Predicted network positions in the withheld dataset:
When comparing how individuals changed in network positions between the two time 2 7 7 periods in the withheld dataset ( Fig. 5a dashed lines), we found that the predicted relative changes in an individual's eigenvector centrality (i.e., whether centrality increased or decreased 2 7 9 qualitatively) did not closely match observed changes ( Fig. 5b) . Similarly, when we look at 2 8 0 individual eignvector centrality values in absolute terms (i.e., whether there was a good 2 8 1 quantitative fit), we found that many individuals did not match observed levels (Fig. 6cd although it should also be noted that predictions were better for some individuals than others. This difference in predictability might suggest that some individuals have more predictable we considered variation in eigenvector centrality at the population level, the model was able to 2 8 8 explain 33% of the variance in the withheld dataset, suggesting that the predicted relative 2 8 9 differences in eigenvector centrality do hold some predictive capacity (Table 1) . Overall, the use of the network reaction norm approach suggests that variation in 3 0 6 eigenvector centrality in our study group is driven largely by consistent inter-individual 3 0 7 differences in mean network position, where some individuals are, on average, higher in 3 0 8 centrality than others. Beyond inter-individual differences in mean centrality, we found evidence (Table 1) . A comparison of differences in network position and plasticity also showed very little 3 1 6 co-variation, suggesting that there were no strong constraints or opportunities faced by 3 1 7 individuals due to their network position, e.g., more central individuals did not show 3 1 8 increased/decreased network plasticity in response to environmental change.
3 1 9
Given that our estimated NRN indicates that some individuals occupied network 3 2 0 positions that were more/less responsive to changes in the environment, it raises the question of the group is predicted to differ under low, compared to high, solar radiation conditions ( Fig. 4a ).
2 8
More generally, the presence of a network position x environment interaction carries 3 2 9
implications for estimating the fitness-related benefits that individuals acquire from particularly relating individual fitness outcomes to social network positions a more dynamic approach that 3 3 5
includes changes in the environment will be necessary when the population shows network This is generally predicted to be the case for primate social groups (e.g., vervet monkeys, in individual behaviour [15, 36, 41] . The use of a withheld dataset with NRNs can expand beyond the quantification of social It is also important to recognize that a population's rate of turnover, and the strength of are present and turnover in the population is low, there is likely to be high predictability across time. Conversely, when population turnover is high, predictability will drop as there will be no plasticity is strong (i.e., all animals respond in the same way), then predictions are likely to be More generally, the ability to make predictions about social networks in changing shown to be an influential component [43] . Additionally, increases in geospatial infrastructure approach could be a very useful approach for studying the response of social species to both 3 8 7 landscape land use changes or climatic changes. Discovery Grants to SPH and LB. LB is also supported by NSERC's Canada Research Chairs 3 9 9
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